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INTRODUCTION

The human gut harbors approximately 40 trillion microor-
ganisms, comprising up to 1000 bacterial species, collective-
ly referred to as the gut microbiota, which supports host health 
by producing essential metabolites, regulating bile acid metab-
olism, detoxifying harmful compounds, and maintaining intes-
tinal barrier function.1) Dysbiosis, defined as qualitative and 
quantitative imbalances in the gut microbiota, is associated 
with both intestinal and systemic diseases, highlighting the 
importance of restoring microbial balance for disease preven-
tion.2–4) Accordingly, growing interest has been shown in pro-
biotics and prebiotics that promote gut microbial growth.

Host genetics appear to play a limited role in shaping gut 
microbiota composition. Rothschild et al. demonstrated that 
interindividual differences are primarily driven by lifestyle 
factors such as diet and drug exposure.5) In pharmaceutical 
research, the gut microbiome is increasingly recognized as 
influencing drug efficacy and toxicity; for example, Nagata et 
al. developed a drug–microbe interaction catalog for microbi-
ome-mediated drug metabolism.6) We previously reported that 
Daiokanzoto (Da-Huang-Gan-Cao-Tang), a traditional Japa-

nese medicine used for constipation, exerts purgative effects 
by enhancing gut microbial enzymes responsible for senno-
side A metabolism.7–10) Furthermore, dietary composition and 
antibiotic treatment alter the gut microbiota, thereby affecting 
the intestinal metabolism and laxative efficacy of Daiokanzo-
to.11,12)

Although bacteria constitute the majority of gut micro-
organisms, fungi account for approximately 0.1% of the gut 
microbial population.13,14) Since the introduction of the "myc-
obiome" concept in 2009,15) their biological significance has 
become increasingly apparent. Gut fungi produce metabo-
lites that influence bacterial growth and the overall gut eco-
system.16) Fungal communities also play key roles in shaping 
host immune responses, and mycobiome dysbiosis has been 
implicated in inflammatory arthritis, pseudomembranous coli-
tis, and multiple sclerosis.17–20)

Dietary composition is also an important experimental var-
iable in animal studies involving the gut microbiome. Previ-
ous studies have demonstrated that differences in rodent diets 
can substantially alter gut bacterial community structure and 
microbial fermentation profiles, potentially contributing to 
variability in preclinical studies.21) Furthermore, dietary inter-
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ventions have been shown to affect not only bacterial com-
munities but also the gut mycobiome and bacteria–fungi rela-
tionships in mice.22,23) Thus, characterization of the microbial 
background established under different dietary conditions may 
be important for the interpretation and reproducibility of pre-
clinical studies.

Given the potential interactions between drugs and gut 
microbes, understanding how dietary conditions shape the 
microbial background of experimental animals may be rele-
vant to the interpretation of pharmacological studies. There-
fore, the present study aimed to establish baseline micro-
bial profiles under five dietary conditions with different 
macronutrient compositions. We compared both the gut bacte-
rial microbiome and mycobiome and further examined bacte-
ria–fungi correlations within each dietary condition.

MATERIALS AND METHODS

Animal Preparation   Animal experiments followed the 
Guidelines for Animal Experimentation of Fukuyama Uni-
versity. Male C57BL/6N mice (20–30 g; Shimizu Laboratory 
Supplies, Kyoto, Japan) were housed under a 12-h light/dark 
cycle at 21–24°C for at least 1 week before experimentation. 
Mice had ad libitum access to the chow diet and water dur-
ing the 1-week acclimatization period. After acclimatization, 
the 30 mice were allocated to five cages (six mice per cage) 
based on body weight so that the mean body weight was com-
parable among cages. Each cage was then assigned to one of 
five dietary conditions (one cage per diet) and fed the respec-
tive diet for 28 d: chow, high-carbohydrate, high-fat, high-pro-
tein, or high-fiber. The chow diet (CLEA Rodent Diet CE-2) 
was purchased from CLEA Japan, Inc. (Tokyo, Japan). The 
macronutrient compositions of the purified diets, expressed 
as percentages of total energy (kcal%), were 20% protein, 
70% carbohydrate, and 10% fat for the high-carbohydrate diet 
(D12450H); 20% protein, 35% carbohydrate, and 45% fat for 
the high-fat diet (D12451); and 50% protein, 40% carbohy-
drate, and 10% fat for the high-protein diet (D15122105). The 
high-fiber diet (D14053101) was based on the high-carbohy-
drate diet and contained 117 g of inulin in addition to 50 g of 
cellulose. For the chow diet (CE-2), the manufacturer-reported 
proximate composition is provided in Supplementary Table 1 
because detailed ingredient amounts and caloric values are not 
publicly disclosed. All diets except chow were obtained from 
Research Diets, Inc. (New Brunswick, NJ, USA).

Sample Collection and DNA Extraction   Fecal samples 
were collected on day 28. Approximately 100 mg of feces per 
mouse was mechanically lysed using a Micro Smash MS-100 
(Tomy Seiko Co., Ltd., Tokyo, Japan), and total DNA was 
extracted using phenol/chloroform/isoamyl alcohol, precip-
itated, washed with ethanol, resuspended in Tris-EDTA buff-
er containing RNase A (Sigma-Aldrich, St. Louis, MO, USA), 
and further purified using the High Pure PCR Template Prep-
aration Kit (Roche Diagnostics, Mannheim, Germany) before 
suspension in 200 μL of elution buffer.

Analysis of Intestinal Microbiome Composition   The V1–
V2 region of the bacterial 16S rRNA gene was amplified using 
primers 27F-mod (5′-AGRGTTTGATYMTGGCTCAG-3′) 
and 338R (5′-TGCTGCCTCCCGTAGGAGT-3′) each attached 
to forward (5′-ACACTCTTTCCCTACACGACGCTCTTC-
CGATCTNNNNNN-3′)  and reverse  (5 ′ -GTGACTG -
GAGTTCAGACGTGTGCTCTTCCGATCTNNNNNN-3′) 

adapter sequences, respectively. The internal transcribed 
spacer 1 (ITS1) region of the fungal rRNA gene was ampli-
fied using primers ITS1Fngs (5′-GGTCATTTAGAGGAAG-
TAA-3′) and ITS2R (5′-GCTGCGTTCTTCATCGATGC-3′), 
each with the forward (5′-ACACTCTTTCCCTACAC-
GACGCTCTTCCGATCT-3′) and reverse (5′-GTGACTG-
GAGTTCAGACGTGTGCTCTTCCGATCT-3′) adapters, 
respectively. PCR amplification was performed using Tks 
Gflex DNA Polymerase (Takara Bio, Shiga, Japan). PCR 
products were purified using the AMPure XP Kit (Beckman 
Coulter, Brea, CA, USA) and indexed using primers 2ndF 
(5′-AATGATACGGCGACCACCGAGATCTACAC-Index2-
ACACTCTTTCCCTACACGACGCTCTTCCGATCT-3′) and 
2ndR (5′-CAAGCAGAAGACGGCATACGAGAT-Index1-
GTGACTGGAGTTCAGACGTGTGCTCTTCCGATCT-3′). 
The indexed libraries were purified and quantified using a 
Qubit 4 Fluorometer (Thermo Fisher Scientific K.K., Tokyo, 
Japan), pooled at equimolar concentrations, and sequenced 
on an Illumina MiSeq platform (MiSeq Reagent Kit v3, 600 
cycles) with PhiX control v3 (Illumina, San Diego, CA, 
USA). Sequence data were processed using QIIME2 (version 
2021.4).24) Primer sequences were removed with the Cutadapt 
plugin,25) and reads were denoized and clustered into amplicon 
sequence variants (ASVs) using DADA2.26) Taxonomic classi-
fication was performed against the SILVA 138 database27) for 
16S rRNA and the UNITE 8.0 database28) for ITS sequences. 
The sequencing depth was 29841 ± 9947 reads/sample (mean 
± SD) for bacterial 16S rRNA gene sequencing and 39674 ± 
18802 reads/sample (mean ± SD) for fungal ITS sequencing. 
Prior to α-diversity analysis, the sequencing data were rar-
efied to 10,000 reads per sample. ASVs were used to calcu-
late α-diversity metrics (observed features, Faith’s phylogenet-
ic diversity, Shannon index) and β-diversity metrics based on 
unweighted UniFrac distances. Visualization was performed 
in R (version 4.1.2),29) using ggplot2, gridExtra, and reshape2. 
Linear Discriminant Analysis Effect Size (LEfSe) was con-
ducted via the Galaxy platform (http://huttenhower.sph.har-
vard.edu/galaxy),30) with a logarithmic LDA score threshold of 
2.0.

Statistical Analysis   Data are presented as the mean ± 
SD. α-diversity differences were evaluated using the nonpar-
ametric Kruskal–Wallis test followed by Steel’s test (Kyplot 
5.0, KyensLab Inc.). β-diversity was visualized using principal 
coordinate analysis (PCoA) and differences in microbial com-
munity structure were assessed via permutational multivari-
ate analysis of variance (PERMANOVA). For the correlation 
analysis, bacterial and fungal families accounting for ≥0.1% 
of the total bacterial or fungal community, respectively, in at 
least one dietary group were included, resulting in 22 bacteri-
al families and 23 fungal families. Correlations between bac-
terial and fungal communities were calculated using Spear-
man’s rank correlation. Statistical significance was defined as 
p < 0.05.

Ethical Approval   All experimental protocols involv-
ing mice were approved by the Research Ethics Committee 
of Fukuyama University and conducted in accordance with 
its Guidelines for Animal Experimentation (approval number: 
2021-A-2).
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RESULTS

Effect of Diet on α-Diversity of Gut Microbiome and 
Mycobiome   Analysis of gut microbiome α-diversity revealed 
that species richness (number of bacterial species) under  
10 000 reads ranged between 100 and 300 species (Fig. 1A). 
Observed features were reduced by approximately 50% in the 
high-carbohydrate (p = 0.036), high-protein (p = 0.014), and 
high-fiber (p = 0.014) groups, with the lowest richness in high-
fiber. The Shannon index (species evenness) was also signif-
icantly lower in the high-carbohydrate (p = 0.036) and high-
fiber (p = 0.023) diet groups compared with chow. In contrast, 
the gut mycobiome showed an estimated richness of 80–160 
fungal species (Fig. 1B), with no significant differences in 
richness or evenness across groups.

These results suggest that diet strongly influences bacteri-
al diversity in the gut microbiome, whereas the mycobiome 
remains relatively stable.

Effect of Diet on β-Diversity of Gut Microbiome and 
Mycobiome   Analysis of β-diversity revealed that gut micro-
biome communities formed significantly distinct clusters 

across all pairwise dietary comparisons (p < 0.01; Fig. 2A). 
Similarly, the gut mycobiome showed distinct clustering in 
the chow and high-fiber groups compared with other dietary 
groups (Fig. 2B). Pairwise comparisons indicated significant 
differences between chow and high-carbohydrate (p = 0.001), 
chow and high-fat (p = 0.004), chow and high-protein (p = 
0.005), chow and high-fiber (p = 0.002), and between high-fib-
er and high-carbohydrate (p = 0.001), high-fat (p = 0.002), and 
high-protein (p = 0.002) groups. Significant differences were 
also observed between high-fat and high-protein groups (p = 
0.009). These findings indicate that diet substantially shapes 
both bacterial and fungal community structure.

Diet-Induced Changes in Gut Bacterial and Fungal Species    
At the phylum level, gut bacterial composition varied mark-
edly with diet: Bacillota dominated the chow, high-carbohy-
drate, and high-fat groups (61%, 89%, and 77%, respective-
ly), whereas Bacteroidota predominated in the high-protein 
and high-fiber groups (56% and 80%, respectively; Fig. 3A). 
At the order level, Lachnospirales predominated in chow, 
Erysipelotrichales and Oscillospirales in high-carbohydrate, 
and Peptostreptococcales-Tissierellales in the high-fat group, 

Fig. 1.   Analysis of α-Diversity of The Gut Microbiota and Mycobiota under Different Diets, Using Observed Features, Faith’s Phylogenetic Diversity, and 
Shannon Index

(A) Gut microbiome; (B) Gut mycobiome. Values represent the mean ± SD (n = 6 per group: chow, high-carbohydrate, high-fat, high-protein, and high-fiber). Significant differ-
ences were assessed using the nonparametric Kruskal–Wallis test. *p < 0.05, significant difference from chow by Steel’s test.
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while Bacteroidales dominated both high-protein and high-
fiber groups (Fig. 3B). LEfSe analysis revealed that the taxa 
Peptostreptococcaceae, Streptococcaceae, and Clostridi-
ales were significantly enriched in the high-carbohydrate and 
high-fat groups compared with chow (Fig. 4A–B). Converse-
ly, Muribaculaceae abundance was significantly higher in the 
chow group than in the high-carbohydrate and high-fat groups  
(Fig. 4B). In the high-protein and high-fiber groups, multiple 
bacterial taxa were significantly reduced relative to chow (Fig. 
4C–D), consistent with the observed reductions in α-diversity.

At the phylum level, Ascomycota accounted for approxi-
mately 50% of fungi in chow, whereas Basidiomycota dom-
inated the four purified diet groups (60–80%; Fig. 5A). At 
the order level, Eurotiales (~20%) and Saccharomycetales 
(~15%) predominated in chow but were markedly less abun-
dant in other groups (Fig. 5B). Polyporales was detected in all 
groups and represented 33–40% of the community in the puri-

fied diets, making it the most abundant fungal order in these 
groups (Fig. 5B). LEfSe analysis of the fungal communities 
indicated that Aspergillaceae and Saccharomycetaceae were 
significantly enriched in chow compared with the other die-
tary groups (Fig. 6A–D). In contrast, Clavicipitaceae abun-
dance was significantly increased in all dietary groups except 
the high-protein, relative to chow (Fig. 6A–D).

Relationship between Gut Bacterial and Fungal Fami-
lies   To examine interactions between gut bacteria and fun-
gi, Spearman's rank correlation coefficients were calculated 
between the 22 bacterial families and 23 fungal families that 
met the relative abundance criterion described above (Fig. 
7A–E). The highest number of strong correlations (|r| > 0.8) 
occurred in the high-protein group (40 combinations) and the 
fewest in the high-fiber group (21). Conversely, noncorrelat-
ed pairs (|r| < 0.3) were most frequent in the high-carbohy-
drate group (238) and least frequent in the high-fiber group 
(179). Notable correlations included the gram-positive anaero-
bic Eggerthellaceae in the chow group, which exhibited strong 
associations with seven fungal families (Fig. 7A). Similarly, 
Muribaculaceae displayed strong correlations with four fungal 
families in chow (Fig. 7A). Overall, the chow and high-fiber 
groups showed more numerous strong bacterial–fungal corre-
lations (Fig. 7A, E), whereas the high-fat group showed weak-
er associations, such as the absence of a strong correlation 
between Ruminococcaceae and Polyporaceae (Fig. 7C). In the 
high-protein group, strong negative correlations were more 
prevalent (Fig. 7D); for example, Aspergillaceae showed neg-
ative, though non-significant, correlations with Eggerthellace-

Fig. 2.   Principal Coordinates Analysis (PCoA) of Gut Microbial Commu-
nities (n = 6 per group: chow, high-carbohydrate, high-fat, high-protein, and 
high-fiber)

(A) Gut microbiome; (B) Gut mycobiome. P-values were calculated using pairwise 
permutational multivariate analysis of variance (PERMANOVA).

Fig. 3.   Composition and Relative Abundance of The Gut Microbiome at 
The Phylum (A) and Order (B) Levels (mean of n = 6 per group: chow, 
high-carbohydrate, high-fat, high-protein, and high-fiber)
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Fig. 4.   Linear Discriminant Analysis Effect Size (LEfSe) Comparisons of Gut Microbiome Taxa
(A) chow vs. high-carbohydrate; (B) chow vs. high-fat; (C) chow vs. high-protein; (D) chow vs. high-fiber. Red indicates taxa enriched in chow; green indicates taxa enriched in 

the respective dietary group.
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ae in chow and Deferribacteraceae in the high-carbohydrate 
group (Fig. 7A, B), and Saccharomycetaceae showed signif-
icant negative correlations with Enterobacteriaceae, Peptos-
treptococcaceae, and Malasseziaceae in the high-protein group 
(Fig. 7D) and with Eggerthellaceae in the high-fiber group 
(Fig. 7E).

DISCUSSION

In the present study, we aimed to establish baseline data 
on diet-induced alterations in the gut microbiota and myc-
obiota, and their relationships. Our results showed that both 
α- and β-diversities of the gut microbiota varied depending 
on diet (Figs. 1A, 2A, and 3). Specifically, α-diversity of gut 
bacteria was significantly reduced in the high-fiber and high-
protein dietary groups compared with chow. LEfSe analysis 
indicated that the number of significantly enriched bacterial 
taxa was more limited in these two groups than in the others  
(Fig. 4C, D). Notably, Peptostreptococcaceae and Streptococ-
caceae, which were enriched in the high-carbohydrate and/
or high-fat diet groups in the present study, have previous-
ly been reported to be increased in inflammatory bowel dis-
ease, particularly in active ulcerative colitis.31) However, these 
previously reported associations do not necessarily indicate 
a pro-inflammatory role of these taxa, and host inflammatory 
responses were not directly assessed in the present study. The 
high-fiber and high-protein diets were based on a high-carbo-
hydrate (normal) diet supplemented with inulin or egg white, 
respectively (Supplementary Table 1). Yin et al. reported that 
individuals with a high genus Bacteroides/Bifidobacterium 

(Ba/Bi) ratio prior to inulin intake were more likely to bene-
fit from the prebiotic effects of inulin, and that a higher Ba/
Bi ratio was associated with greater α-diversity.32) In the pre-
sent study, the high-fiber diet was based on the high-carbo-
hydrate diet with additional inulin. Given the reported asso-
ciation between baseline Bacteroides abundance and the 
microbial response to inulin, differences in the underlying 
microbial community may have contributed to the reduced 
α-diversity observed in the high-fiber group. The mechanism 
underlying decreased α-diversity in the high-protein diet group 
remains unclear. However, similar findings have been report-
ed by Blakeley-Ruiz et al., who demonstrated that egg white 
protein increases the abundance of Bacteroides thetaiotaomi-
cron while decreasing that of Clostridia,33) consistent with 
our observations. Yu et al. reported that egg white intake also 
increased Pseudomonadota abundance and lipopolysaccharide 
(LPS) levels.34)

Although less studied than the gut microbiota, the gut myc-
obiota also plays important roles in host physiology. In healthy 
individuals, genera such as Saccharomyces, Malassezia, Can-
dida, and Cladosporium are abundant.13,35) The abundance of 
Candida and Malassezia varies between individuals depend-
ing on environmental and dietary factors.20,36) Gut mycobi-
ota are also involved in activating immune responses, 16,17); 
for example, "rewilding" specific pathogen-free (SPF) mice 
under natural conditions increases gut mycobiota and enhanc-
es immune activity, including T-cell differentiation.37) Immu-
noglobulin A (IgA) in the intestinal tract has been shown to 
regulate fungi,38–40) highlighting that fungal–host interactions 
are biologically significant. In the present study, α-diversity 
of the gut mycobiota did not differ significantly across dietary 
groups, suggesting that fungal richness is less sensitive to die-
tary change than bacterial diversity (Fig. 1). However, fungal 
composition varied between chow and purified diets, which 
showed higher relative abundances of Agaricales and Poly-
porales (Fig. 5B), both members of the phylum Basidiomyco-
ta, capable of degrading recalcitrant substrates such as cellu-
lose and lignin, consistent with previous reports in human and 
animal guts.13,36) LEfSe analysis revealed that Aspergillaceae 
and Saccharomycetaceae were significantly more abundant in 
chow than in the other dietary groups (Figs. 5B and 6). The 
abundance of Aspergillaceae is known to increase with vege-
tarian diets,41,42) while Saccharomycetaceae is commonly asso-
ciated with wheat- or barley-based foods such as bread and 
beer.18) The present observations are therefore consistent with 
previous findings. Regarding β-diversity, gut mycobiota in 
the chow and high-fiber groups formed distinct clusters (Fig. 
2B), a trend similar to the gut bacterial communities, indicat-
ing that diet substantially affects the overall microbial ecosys-
tem. Although the exact composition of chow is undisclosed, it 
includes fiber-rich ingredients such as soybean meal and bran, 
which, together with inulin in the high-fiber diet, likely con-
tribute to shaping gut microbial diversity.

Several studies have investigated gut bacteria–fungi inter-
actions,43–48) often focusing on Candida albicans. In the pre-
sent study, we analyzed the effect of dietary habits on bacte-
ria–fungi interactions by examining 22 bacterial families and 
23 fungal families selected based on their relative abundance. 
The high-fiber group showed predominantly positive bacteri-
al–fungal correlations, whereas the high-fat and high-protein 
groups showed largely negative correlations.

This study demonstrated that gut bacterial and fungal com-

Fig. 5.   Composition and Relative Abundance of the Gut Mycobiome at 
The Phylum (A) and Order (B) Levels (mean of n = 6 per group: chow, 
high-carbohydrate, high-fat, high-protein, and high-fiber).
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munities vary according to dietary habits. Because diet is the 
primary energy source for gut microbes, it profoundly shapes 
microbial community structure; understanding the diet-asso-
ciated state of experimental animals’ gut microbiota is there-
fore important for translating preclinical research into clini-
cal applications. Diet-induced alterations in the gut microbiota 
may also have implications for drug metabolism. Gut microor-
ganisms possess diverse enzymatic activities capable of acti-
vating, inactivating, or otherwise modifying orally admin-
istered compounds. Importantly, diet can modulate such 
microbiome-mediated drug metabolism. For example, dietary 
factors have been shown to influence the microbial inactiva-
tion of digoxin by Eggerthella lenta, thereby affecting system-
ic drug exposure.49) We have also previously demonstrated that 
dietary composition alters gut microbial metabolism of sen-
noside A and the laxative efficacy of Daiokanzoto.11,12) These 
findings suggest that diet-dependent differences in microbi-
al communities may represent one factor contributing to inter-
individual or interexperimental variability in drug responses. 
Previous studies have shown that commonly used drugs, such 

as metformin for diabetes,50) nonsteroidal antiinflammatory 
drugs (NSAIDs),51) and gastric acid secretion inhibitors52) can 
alter gut bacterial community composition, as can traditional 
herbal medicines.7–12) Pharmaceutical excipients, such as car-
boxymethyl cellulose,53) hydroxypropyl methylcellulose,54,55) 
and guar gum,56) have also been reported to influence gut 
microbial communities, highlighting the importance of evalu-
ating both the direct effects of drugs on the host and their indi-
rect effects via the gut microbiota.

Several limitations should be considered. First, each dietary 
group was housed in a single cage, so diet and cage effects 
could not be separated; some observed differences may there-
fore reflect cage-specific effects in addition to dietary condi-
tions, and future studies using multiple cages per group will 
be needed to distinguish them. Second, gut microbial commu-
nities differ substantially between mice and humans in taxo-
nomic composition and relative abundance,57,58) so diet-associ-
ated changes in individual taxa observed here should not be 
directly extrapolated to humans; rather, our findings provide 
baseline information on how dietary conditions can shape 

Fig. 6.   Linear Discriminant Analysis Effect Size (LEfSe) Comparisons of Gut Mycobiome Taxa
(A) chow vs. high-carbohydrate; (B) chow vs. high-fat; (C) chow vs. high-protein; (D) chow vs. high-fiber. Red indicates taxa enriched in chow; green indicates taxa enriched in 

the respective dietary group.
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Fig. 7.   Spearman’s Rank Correlation Matrix of Dominant Gut Bacterial and Fungal Families in Each Diet
(A) chow; (B) high-carbohydrate; (C) high-fat; (D) high-protein; and (E) high-fiber. Strong correlations are represented by sharply angled ellipses, whereas weak correlations 

are represented by more circular ellipses. Color scale: 1 (dark blue) indicates a perfect positive correlation; -1 (dark red) indicates a perfect negative correlation. Families absent 
from a dietary group were excluded from correlation calculations (denoted as "NA").
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the microbial background of mice used in preclinical studies. 
Third, this study was descriptive and did not directly exam-
ine whether these microbial differences affect drug metabo-
lism, efficacy, or safety; the implications for drug responses 
discussed above should therefore be regarded as hypotheses 
rather than direct findings, and further studies combining die-
tary interventions with pharmacological assessments, as well 
as studies in humans, will be required to determine their trans-
lational relevance.
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